Abstract-A NLOS identification algorithm based on rician Kfactor hypothesis test was proposed to mitigate position location bias caused by NLOS propagation in MIMO-OFDM system. A multi-antenna rician K-factor estimation method was derived from the correlation difference of deterministic and diffuse component between antennas. A rician K-factor decision model was established according to signal propagation environment. The identification result was derived from the decision model with the estimated K-factor. Simulation results showed that the proposed algorithm could achieve good identification performance even when K was small and had a good robustness to antenna configuration and scattering distribution.
INTRODUCTION
Wireless localization has a wide range of civilian and military applications including battle filed command and control, fire fighter tracking, emergency positioning, road traffic alert and ad-hoc network resource arrangement [1] . Existing location technologies are mainly based on time of arrival (TOA), degree of arrival (DOA) and received signal strength indication (RSSI) [2] , which are very sensitive to the availability of line-of-sight signal. When LOS is not available, NLOS signal travels longer distances compared with the LOS path, target position will result in big bias due to a larger TOA and a wrong DOA estimation. An available solution on NLOS mitigation is to identify signal LOS status before localization computation.
NLOS identification can be multi-station cooperative [3] or single-station non-cooperative [4] solutions. Multi-station identification could achieve good performance only when there are adequate LOS stations. Cooperative method also has a high computational complexity compared to noncooperative method. Single station identification can works in the absence of LOS measurements and precise location of other stations. Single station identification method including TOA statistical based, channel characteristics based and hybrid measurements based approaches. TOA statistical approach [5] requires high SNR and long process time to identify signal LOS status. Hybrid approach [6] requires joint measurement including TOA, DOA and RSSI, it could achieve high performance while it requires high hardware complexity. Taking advantage of channel characteristics like signal strength, power delay distribution and rician K factor, channel characteristics based approach [7] [8]could maintain a good trade-off between requirements and performance. This paper proposed a multi-antenna NLOS identification algorithm. Taking rician K factor as target characteristics, this paper combined signal propagation model and channel characteristics based identification method in order to identify signal status in multi-antenna systems. Firstly, a rician K factor estimation approach aimed at multi-antenna system was proposed. Secondly, NLOS identification based on hypothesis test was established according to different distribution of rician K factor in LOS and NLOS scenarios. Finally, the NLOS identification result could be achieved through comparing the estimated K factor and hypothesis test decision threshold. Compared with conventional identification method, this algorithm can achieve good efficiency taking advantages of multi-antenna received data.
II. SYSTEM MODEL Rician channel impulse response can be defined by:
where ( ) a is the diffusive component, which is a random Gaussian complex variable [9] . Assuming the observed rician K factor in different
h t could be express as follows:
where D f is maximum Doppler spread, 0 q and a q are respectively the angle of arrival and the phase of the LOS component.
( )
h t will turn into Rayleigh channel when rician K factor is zero.
For MIMO-OFDM system, we could get channel impulse response for each subcarrier and the frequency impulse response could be express as follows considering noise effect
where n and f D are subcarrier number and frequency interval, i W is the noise component.
III. MULTI-ANTENNA RICIAN K FACTOR ESTIMATION

ALGORITHM
Conventional rician K factor estimation was based on single antenna and suffers from envelope estimation bias when K increases. For multi-antenna system, received data from different antennas is not independent any more, which provides an opportunity to divide specular and diffusive components.
Assuming that noise components are independent among different antennas and the coherence of diffusive components among antennas is dependent on antenna array type, antenna spacing, signal arrival direction, arrival degree power distribution and angle spread (AS) [10] . We can assume that diffusive components are independent when antenna spacing is large than half wavelength. Defining 
where
are respectively the rician channel and the noise kurtosises. The kurtosises of complex AWGN and rician channel are 2 K w = and
, and 0 N is equal to
Similarly, we could derive the second-order moment on same and different antennas
Using (4) and (5), we can obtain:
and from (6) we can get:
Resolving the value of W of each antenna from (8) and (9) 
The rician K factor is then deduced from (7) and (10):
From (11) we can find that rician K factor is derived from multi-antenna data and we can get the mean K value when there are more than two antennas.
This section established a multi-antenna rician K factor estimation model, which took advantages of received data from multi-antenna and took the power difference of antennas and noise effect into consideration.
IV. RICIAN K FACTOR HYPOTHESIS TEST BASED LOS/NLOS DECISION ALGORITHM
A. Hypothesis test based decision algorithm
Rician K factor is defined as the power ratio of specular and diffusive components in received data. The K factor is a random variable in mobile communication varying from space channel parameters, which can be modeled as a stochastic variable with different distribution in LOS and NLOS environment. Then a NLOS decision model is proposed as follows 0 H ：NLOS，distribution of K factor is ( )
When MS is in LOS and NLOS status, the specular component power in dB is
LOS
L and pe L are respectively the specular power, transport power, path loss in LOS and penetration loss, which are expressed in dB. Similarly, the MS received power of diffusive component is
where sh L is the shadow fading loss of diffusive component.
Then the rician K factor expression could be derived according to its definition LOS : 
Here, we develop a rician K factor distribution difference between LOS and NLOS scenarios and convert NLOS identification into a hypothesis test problem.
B. MS LOS/NLOS status identification with K factor 1) Known Prior Probability
The LOS and NLOS prior probability can be achieved from previous identification or environmental based empirical value. The decision rule can be expressed as follows NLOS: when ( ) ( ) ( ) ( )
2) Unknown Prior Probability
When the prior probability is not available, we can use the Neyman-Person test for hypothesis test decision. Setting the false alarm probability at F P a = , the decision threshold can be computed with NP test through the following formula ( )
V. SIMULATION RESULTS AND PERFORMANCE ANALYSIS
Simulations are conducted to investigate the performance of multi-antenna NLOS identification based on rician K factor. Simulations are based on multi-antenna OFDM systems, simulation parameters are set as follows: FFT number is 64, subcarrier bandwidth is 78.125KHz, the maximum time delay is 1000ns, SNR is 5dB, and the angle spread is assumed to be uniform distributed. The building height, BS and MS antenna height are 12m, 12.5m and 1.5m. Fig. 1 shows the proposed multi-antenna rician K factor estimator performance compared to conventional singleantenna algorithm under different antenna configurations and scattering distributions. It is seen that our algorithm has a smaller RMSE though the RMSE increases slightly when K factor increase, while conventional K estimator RMSE increases greatly due to its algorithm sensitivity to envelop change. From the results under different simulation conditions we can find that the proposed algorithm also has a good robustness to antenna spacing and scattering distribution. Next, the hypothesis test based NLOS decision algorithm performance is investigated. Fig. 2 and Tab. 1 show how the decision threshold changes along with different shadow fading when the prior probability is available. Fig. 3 shows the detection probability varies with false alarm probability under different shadow fading. The shadow fading is set at 4dB and 8dB respectively. Simulation results show when the shadowing standard deviation increase, the probability-oferror increase. While in the NP test, the curve of detection and false alarm probability moves to the upper left region when shadowing decreases, which means a better identification performance could be attained. Now let us study the overall performance of multiantenna NLOS identification algorithm. Fig. 4 shows the miss-detection probability of the proposed and conventional algorithm under different K factor. The prior probability is set 0.5 and shadowing fade is set 8dB. It can be observed that the miss-detection probability gets the maximum around 0.5 when K factor is 2. This is because the decision threshold is 2.94dB (i.e. K equals 2) given shadowing fade at 8dB and the miss-detection probability is the maximum around threshold. Our algorithm could achieve lower miss-detection probability due to its better K factor estimation performance, which also has a robust identification result when the antenna configuration and scattering environment changes. This work proposes a metric called multi-antenna NLOS identification algorithm for MIMO-OFDM systems based on hypothesis test. It is observed that the different distributions of rician K factor under LOS and NLOS conditions can be used to identify signal propagation status. Simulation results confirm that combining multi-antenna K estimator and hypothesis test could achieve better NLOS identification performance compared to conventional metrics. The proposed algorithm could be a good candidate for NLOS identification for MIMO-OFDM based position localization systems.
